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APPLICATIONS OF NEURAL NETWORKS FOR CRACK INITIATION
AND PROPAGATION MONITORING IN AIRCRAFT STRUCTURES

Timely detection of fatigue cracks on aircraft structural elements is the main task in damage tolerance princi-
ple approach. In this regard, much attention in aviation is paid to the methods of non-destructive testing which
requires special equipment with the involvement of highly qualified personnel. Nowadays we can see that tech-
nologies that can learn to identify defects are preferred to simplify the gap process and minimize human factor
errors. A self-learning technology is incorporated in the crack detection program. This makes it possible to in-
crease the sensitivity of defects in the mode of the used technically false equipment. Unlike the detection meth-
ods of other machine learning detection systems, the system developed in this paper can also measure the
cracks without the use of sophisticated sensors. However, the proposed system requires a photo-capturing de-
vice. Compared to similar visual systems, the developed system can work with very noisy images and detect
cracks up to 0.3 mm. To do this, the webcam from the mid-range segment with 1920 <1080 resolutions is used,
that makes such technology easy to access. All modifications in the design of the camera scheme were associ-
ated with a change in the focal length, implemented by shifting the lens relative to the matrix. It allows the
camera to focus on close distance less than 50 cm. For the fatigue tests compact specimens of duralumin alloy
D16T with edge stress concentrator were used. The specimens were cycle tested by cantilever banding with
stress ratio R=-1. Loading bogie apply force to specimens in direction normal to specimen surface. A loading
value depends on the length of the loading crank and can be adjusted if needed. To measure cracks in the pro-
cessed images, a visual control program on a convolutional neural network and a sliding window algorithm
were used. About 4,000 images were used to train the algorithm. The sliding window algorithm analyzes small
images sequentially. One by one, image regions were selected and monitored for cracks using a convolutional

neural network. Areas with detected cracks are memorized by the sliding window algorithm.

Keywords: fatigue; crack; non-destructive testing methods; neural networks.

Introduction

Currently we can see an increasing interest in us-
ing neural networks to process various operational data
in aviation field and, especially for the aircraft struc-
tures that are designed according damage tolerance
pricniple. The main task of such directions could be
subdivided in two categories:

1. Prediction of the events that are based on the big
data analysis. In case of aircraft structure it could be a
fleet operational management with level corrosion taking
into account. The control by scheduled inspections im-
plemented at a fixed threshold and performed at fixed
intervals, which are from time to time adjusted depending
on the severity of corrosion found during previous in-
spections. For such analysis information about tempera-
ture, rainfall, de-icing agents, corrosion-critical pollu-
tants, maintenance, repairs, and events are used [1].

2. Recognition of hidden or poorly detected defects
and failures on the aircraft. Typically visual inspections
and non-destructive testing (NDT) are key methods to
detect damage of aircraft structure. Those tasks could be
simple visual detecting or by evaluating pictures by using

complex NDT tools: X-rays, 3D topography, ultrasonic,
thermography etc. Modern technologies give us possibil-
ity to collect and precede information in digital form that
simplifies detection of damages [1].

The approaches described above can be classified
as tools for diagnostics and control of the technical con-
dition during maintenance of an aircraft structure.

And as all maintenance tools and test equipment they
must be verified to ensure serviceability and accuracy.

In this article the principle of data proceeding for
fatigue crack detection as a first step of maintenance
tool verification is discussed.

1. Problem statement

Most of the studies related to the detection of cracks
using neural networks were carried out using quite sophis-
ticated equipment and techniques: ultrasonic signals, laser
scanners, thermography, X-rays, etc [2-6]. Also it should
be noted that in most studies the crack is monitored on a
static specimen that is not subjected to cyclic loading [7, 8].

This work uses simple devices such as a digital
webcam. In addition, the specimens are monitored dur-
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ing cyclic loading, which makes it possible to control
the stage of crack initiation and propagation.

2. Research methods

For the crack monitoring the specimens from the
alloy D16T were used. To localize the area of fatigue
crack initiation stress concentrator was made in the form
of a lateral half-hole in the specimen (Fig. 1).
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Fig. 1. Geometry of specimen

The specimens were cycle tested by cantilever
banding with stress ratio R=-1. Loading bogie apply force
to specimens in direction normal to specimen surface.

A loading value depends on the length of the loading
crank and can be adjusted if needed. However, loading value
can be rigidly fixed and in case of specimen replacement
loading would be exactly the same and this allows testing all
specimens under constant amplitude loading.

Fig. 2. General view of fatigue test machine:
1 - specimen; 2 — loading bogie; 3 —rod; 4 — crank;
5 — electrical motor; 6 — cycle counter; 7 — electrical
control unit; 8 — web-camera; 9 — computer

To monitor crack and capture crack propagation a
wide used commercial web-camera was installed near the
specimen. Also it was developed the program which sends
signals to the camera with desired time interval to make a
picture of the specimen surface. The rate of monitoring
was chosen one picture per 40 seconds as appropriate cap-
turing frequency and with 24 Hz loading frequency that
corresponds to one picture each 960 loading cycles.

As the aim of the work was to monitor crack propa-
gation along all width of specimen there was a necessity
to capture both small sized cracks and maximum size
cracks which cause fracture. To do this, considering cam-
era lens angle, it was found that the optimal distance of

the camera location from the specimen surface is about
50 mm. The web-camera has a resolution of 1920x1080
which intended to capture objects about 50 cm away from
it (normally a human face in front of a computer is de-
termined by this distance). But due to this it was not able
to focus on the required distance of 50 mm which was
found to be optimal for crack monitoring test. Fig. 3
shows a scheme of the camera optical modification which
allows the camera to focus on close distance.

Next task of the research was connected with de-
velopment if a special algorithm for captured image
preprocessing in order to make crack detection on the
2D images better.

The images were captured from the specimens un-
der cycling loading during fatigue tests that lead to the
vibrations. In this regard the first step of preprocess
technique is image alignment during which all images
from the test sequence align one with another and in
such a way to discard effects of specimen movement
relative to the camera. More importantly, it allows as-
suming that each pixel captures a single point on the
specimen during the whole test.

Due to cantilever loading crack on the surface of
the specimen which is under tension could be viewed as
opened and on image it may seem to be larger than the
same crack during an opposite cycle part when the sur-
face is under compression.
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Fig. 3. Schemes: a) of camera for close object capturing
in initial position of matrix relative to lens; b) with close
object and c) new position of matrix relative to lens

After that, the developed technique defines how
pixel intensity changes with time during the test. Such a
dynamical approach consists in the following equation:

(Ajj— A)(Bjj—B)
Nij = )

1 172 1 172
1 n=im- — 1 n=im- —,
= A -A = B; - B
{nmgoj;)( i—A) } [nmgj:zo( i~B) ]

where i, j — coordinate on image, pixel,



Inghopmayiini mexnonozii

101

n, m — size of image,
Ajj —intensity of pixel i,j at time moment ty,

Bjj — intensity of pixel i,j at time moment t,

A —mean value of all pixels at time t;,

B — mean value of all pixels at time to.

It takes two images. One image represents initial
statement of the specimen at the beginning of test at a
tome t; and other image represents the specimen surface
atatime to.

Last step of the technique combines images from
different time steps as color channels of the new image.

3. Results and discussions

Resulting images and initial specimen photos are
presented on Fig. 4. Last images have highlighted
cracks and this is a significant advantage for human
analyzing and verification as well as for computer vi-
sion program measurements.

In order to measure crack length on processed im-
ages, a computer vision program was developed on the
basis of a convolution neural network and a sliding
window algorithm. Sliding window algorithm sequen-
tially analyzes small areas of image [9].

One by one, regions of images are picked up and
monitored for crack by a convolutional neural network
(CNN). Areas with detected crack are remembered by
the sliding window algorithm and at the end of system
operation they are combined and displayed to mark
crack on full image.

2) R

Fig. 4. Images of fatigue crack propagation for photo (a)
and transform images (b)

CNN is a neural network with architecture which
was developed specifically for images analyzing. CNN
consists of convolutional and polling layers which re-
duce the number of network weights in comparison to
conventional artificial neural networks. CNN architec-
ture also tends to better recognize spatial patterns of
images.

Developed CNN has architecture which contains
five convolution layers and the same amount of Max-
Pooling layers. Few fully connected layers convert to
give final output. To make a training data set, from pre-
processed images were cutted out small regions similar

to the chosen by sliding window algorithm.

To train CNN an ADAM [10] algorithm was used
and about 4,000 images. Fig. 5 shows how the system
works and how it performs crack measuring.
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Fig. 5. Example of: a — highlight crack;
b — detected by computer vision program region

Summary

The developed system was applied to measure
crack propagation during fatigue tets. It decreases time
and efforts needed to measure crack propagation and
simplify test data post processing. However, it still re-
quires some manual setup and cannot be called fully
automatic because of the necessity of sliding window
algorithm parameters tuning.

In contrast to many other machine learning based
systems for damage detection, system developed in this
work can accurately detect and measure crack with out
numerous sensors. However, it requires photo capturing
device and able to detect only surface damage. Compar-
ing to analogues visual based system, the system that is
represented in this article can deal with very noise im-
ages and small cracks up to 0.3 mm.
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MCHOJIb30BAHUE HEMPOHHBIX CETEM /111 KOHTPOJIS MOSIBJIEHUASA
N PABBUTHUA TPEIIIUH B ABUAIIMOHHBIX KOHCTPYKIUAX

H. U. bypay, C. C. Ouyxesuu, A. H. Komnaney

CBOEBpPEMEHHOE BBISIBIICHHE YCTAJIOCTHOW TPEUIMHBI HA KOHCTPYKTHUBHBIX 3JEMEHTaX CaMoJieTa SIBISIETCSI OC-
HOBHOH 3a/1aueii B KOHTEKcTe obecniedeHus 6e3onacHoi skciuryaranu BC mo npuHIMITy TOIyCTHMOTO MOBpEXIe-
HUS. B cBsI3H ¢ 3TMM O0bIIIOE BHIMAaHUE B aBHAIIMH YACSIETCS METO/IaM Hepa3pyIIaloiero KOHTPOJI, 4To TpeOyeT
MIPUMEHEHHUS CIEINaIbHOTO 000pYIOBaHUS C IPUBJICYCHHEM BBICOKOKBAIM(HUIIMPOBAHHOTO TNepcoHana. OgHaKko
ceifuac MOXHO HaOIIONATh, YTO JUIS YIPOIISHHUS MIPOIecca BRISBICHHUS TPEIIMHBI 1 MUHUMHU3AIUH OIIHOKH YeJloBe-
Ka TPeIIoYTeHNE OTAACTCS TeXHOJIOTHIM, CIIOCOOHBIM 00Yy9aThCs BRIABIATH Ae(eKThl. TeXHOIOTHS caMO0OydeHHS
3aJI0’KEHA B MPOTpaMMe IO BBISBICHHUIO TPEIIWH, MPUHIUI paboThl KOTOPOH OCHOBAH Ha MCIOJIB30BAHWU HEHPOH-
HOW ceTu. DTO MO3BOJISIET HOBBICUTh YyBCTBUTEIBHOCTH BBIBICHHUS NE(PEKTOB B MpeeiaX, ONpeaesieMbIX TeXHU-
YECKUMH XapaKTEePUCTHKaMH 000pyJ0BaHUs, UCIIOIB3yEMOTO sl MOHUTOPHUHTA COCTOSIHUS KOHCTPYKIWH. B omin-
YHe OT MHOTHMX APYTHX CUCTEM OOHapy)KEHHs IOBPEKACHUH HA OCHOBE MAIIMHHOTO 00y4YeHus, cucTeMa, pa3pado-
TaHHAs B JJAHHOH paboTe, MOXKET OOHAPYKUTh U U3MEPHUTH TPEIIMHBI 0€3 MCI0JIb30BaHUS CJIOXKHBIX 1aTIYMKOB. Of-
HaKo MpeAJIoKEHHas cUcTeMa TpedyeT Halu4dus ycTpoicTBa st potopukcanuu. [To cpaBHEHNIO ¢ aHATOTUYHBIMU
BU3yaIbHBIMH CHCTEMaMH, pa3pabOTaHHas cUCTeMa MOXKET paboTaTh ¢ OYeHb IIYMHBIMH H300paKEHHSIMH U TPH
9ToM 0OHapyxwuBaTh TpemuHsl 10 0,3 MMm. [l 3TOro Mcnonb3yercs: BeO-KaMepa M3 CerMeHTa CpeJlHero Kiacca
xapakTepuctukaMu paspemenus 1920x1080, uro meraeT TEXHOJIOTHIO AOCTYIHOM. Bece Moaudukanmm B KOHCTPYK-
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LIMOHHOW CXeMe KaMepbl OBbLIM CBSI3aHbI C N3MEHEHHEM (POKYCHOTO PACCTOSHMUS, PEaIM30BaHHOTO MYTEM CMELIECHUS
JIMH3BI OTHOCHUTENBHO MaTpHLbl. [ yCTaJOCTHBIX MCHBITAHUH HCIIOJIb30BAINCH KOMIIAKTHBIE 00pasibl U3 Jropa-
moMuHEEBOTO cruiaBa J[16T ¢ 60KOBBIM KOHIEHTpaTOpoM. L[MKnndaeckoe HarpyXeHne MpoBOIIIOCEH IIPH ITOCTOS H-
HOW aMIUTUTYZAE Ha m3rud ¢ kodddunuertom acummerpun R=-1. /I u3mepeHust NIMHBI TPEUIHH Ha 00paboTaHHBIX
n300pakeHusAX ObuIa pa3paboTaHa MPOrpaMMa BU3YaJbHOTO KOHTPOJISI HA OCHOBE CBEPTOYHOM HEHPOHHOW CETH M
ITOpPHUTMa CKOJNB3AmIero okHa. [ oO0ydeHus anropurMa ObUIO HCmoib30BaHo okoio 4000 oO6pazoB. Anroputm
CKOJIB3AIIECTO OKHA TOCIIEOBATENIFHO aHAIM3HPYET HeOOoJbInre obnacTa m3o0paxenus. OqHa 3a Apyroit obmacTu
n300pakeHHs BRIOMPAIOTCS U OTCIICKUBAIOTCS HAa HAJTHYHE TPEIINH C IIOMOIIBIO CBEPTOYHOI HelpoHHOH cetn. O0-
JIacTH ¢ OOHAPY)KEHHBIMU TPELIMHAMH 3aTIOMHHAIOTCS aJITOPUTMOM CKOJIB3SIIEr0 OKHa, a B KOHIIE Pa0OThI CUCTEMBI
OHU OOBEIUHSIOTCS M 0TOOPAXKAIOTCS I MAapKUPOBKM TPELIMH HA MOJIHOM M300paXEHHH C LEIbI0 BepuduKanuu
nedexTa 4eI0BeKOM.
KoaroueBble ci10Ba: ycTanocTh; TPEIIUH; Hepa3pyLIAlOIAe METOAbI KOHTPOJIS; HEHPOHHAs CETh.

BUKOPUCTAHHS HEMPOHHUX MEPEX JIJISI KOHTPOJIIO ITIOSIBA
1 PO3BUTKY TPIIIAH B ABIAIIMHUX KOHCTPYKIIIAX

H. I. Bypay, C. C. FOykeguu, A. I. Komnaueyp

CBoe€vacHe BHSBICHHS BTOMHOI TPIIIMHM Ha KOHCTPYKTHBHHX €JIEMEHTAaX JIITAKA € OCHOBHUM 3aBIAHHSM B
KOHTEKCTi 3a0e3medeHHst Oe3neunoi exciuryararii I1C 3a MpUHIMIIOM AOIyCTHMOTO YIIKOMKECHHS. Y 3B'SI3KY 3 UM
BEJIMKA yBara B aBiallii MPHUIUIIETHCS METOAaM HEPYHHIBHOTO KOHTPOJIIO, 1[0 BUMArae 3acTOCYBaHHS CIELialbHOTO
YCTaTKyBaHHS 13 3aJIy4CHHSIM BHCOKOKBaTi(DIKOBAHOTO IEPCOHAITY. AJe 3apa3 MOXHA CHOCTEpIraTy, 1o AJs CIpo-
IICHHS MPOIECY BUSABICHHS TPIIIMHHU 1 MiHIMI3aIlil MOMUJIKH JIFOJUHH TEPeBary HaJar0Th TEXHOJOTISAM, 3MaTHUM
HaByaTuCs BUABIATH JedekTH. TexHonoris caMOHaBYaHHS 3aKjajieHa B MPOrpami 3 BHUSBJICHHS TPIIWH, TPUHIUII
Iii sikoi Ga3yeTbest Ha poOOoTi HelipoHHOT Mepesxxi. Lle 103BoJIsIEe MIABUIIMTH Yy TIMBICTh BUSBIICHHS JIEQEKTIB B Me-
Kax, BU3HAYCHUX TEXHIYHHMMHU XapaKTEPUCTHKAMH OO0JIa[HaHHS, iK€ BUKOPHCTOBYETHCS /IS MOHITOPHHIY CTaHy
KOHCTpyKIii. Ha BiqmiHy Bif 6araThoX iHIIUX CHCTEM BHSBIICHHS IMOIIKO/KCHb HA OCHOBI MAaIIMHHOT'O HaBYAHHSI,
cucreMa, po3po0iieHa B JaHii poOOTi, MOKe BHSABHUTH i BUMIPSATH TPIIIWHU O¢3 BUKOPUCTAHHS CKIIAJHUX JATYUKIB.
OpHak 3allpONOHOBAaHA CHCTEMa BHMAarae HasBHOCTI MPHUCTPOIO A oTodikcarii. Y MOpIBHIHHI 3 aHAIOTIYHIMUA
BI3yaJIbHUMH CHCTEMaMH, pO3pO0JIeHa CHCTEMA MOXeE IPAIIOBATH 3 Jy)K€ 3a4yMJIICHUMH 300paKE€HHSAMH 1 TIPH L(bO-
My BUSIBIATH TpimuHK 10 0,3 MM. {715 IBOTO BUKOPHUCTOBYETHCS BeO-KaMepa 3 CETMEHTY CEPEeAHBOT0 KIIacy 3 Xapa-
KTepucTuKamu 103Boixy 1920x1080, oo poOuTh TEXHOIOTII0 JOCTYIMHOI0. Bei Moaudikamii B KOHCTpYKIIHHIN cxeMi
KaMepu OyIu TOB's3aHi 31 3MiHOIO (POKYCHOI BiJICTaHi, pealli3oBaHOl MUIIXOM 3MIIIEHHS JTiH3H MO BiIHOIICHHIO JI0
Marpuui. s BTOoMHUX BUIIPOOYBaHb BUKOPUCTOBYBAJIMCS KOMIIAKTHI 3pa3ku 3 JAropajiroMinieBoro cruiaBy 16T 3
0OOKOBUM KOHIEHTpaTopoM. L{ukiiuHe HaBaHTa)KEHHS NMPOBOJMIIOCS IIPH MOCTIMHINA aMIUIITYli HAa BUTHH 3 Koedimi-
enToM acumetpii R = -1. J{is BUMiprOBaHHS JOBXHHHU TPIIIMH HA 00pOOJICHUX 300pakeHHX OyJia po3pobieHa mpo-
rpama Bi3yaJbHOTO KOHTPOJIIO Ha OCHOBI 3rOPTKOBOI HEMPOHHOI Mepexi Ta aJITOPUTMY KOB3HOTO BikHa. J{Jist HaB-
YaHHs alNroputMmy Oyio BukopuctaHo 0au3bko 4000 o0pasiB. AJropuTM KOB3alOHOro BiKHA MOCHIJOBHO aHAJI3ye
HeBeJHKi obnacti 300paxeHHs. OJHa 3a 0/IHOK 00JacTi 300pakeHHs] BUOMPAIOTHCS 1 BIACHIKOBYIOTBCSI HA HasiB-
HICTB TPIILIHMH 3a JOIOMOT'0I0 3rOPTKOBOI HEHPOHHOIT Mepexi. O0nacTi 3 BUABICHUMH TPIIIMHAMHE 3aI1aM 'ITOBYFOTHCS
ITOPUTMOM KOB3HOTO BiKHA, a B KiHIlI pOOOTH CHCTEMHU BOHHU 00'€ THYIOTHCS 1 BIJOOPAXKArOTHCS ISl MapKyBaHHS
TPIIIMH HA TIOBHOMY 300pa’keHHi 3 MEeTOr0 BepHu]iKallii qeQeKTy JIF0IMHOIO.

KoarouoBi ciioBa: BTOMa; TpiliMHa; HEPYIHIBHI METOAN KOHTPOIIIO; HEHPOHHA MEpexa.
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